INTRODUCTION
It has long been known that biological communities on rocky shores are strongly influenced by wave exposure (Lewis 1964 , Stephenson & Stephenson 1972 . However, despite the continuing need for a quantitative measure or index of the wave climate over a range of spatial and temporal scales, no single approach currently prevails. Biological indices of wave exposure based on the abundance of key taxa (Ballantine 1961) have proved useful for rapid categorisation of likely wave conditions, but suffer from an inherent circularity of reasoning and cannot be used to predict the composition of communities at sites not yet surveyed. Topographical indices, usually based on the openness and aspect of a site combined with local wind data, have been shown to have useful predictive power (Thomas 1986 ). These indices are relatively easy to produce, as ABSTRACT: Topographical wave exposure indices allow objective assessment of the degree of wave action at coastal sites. We present a grid-based method for rapidly calculating indices at fine spatial resolutions along whole coastlines, and evaluate the power of candidate indices in predicting composition of rocky shore communities. The method has 3 stages: (1) a grid is created from a vector-based digital coastline using geographical information systems (GIS) software; (2) for every coastal cell, wave fetch is determined as the distance to the nearest land cell in 16 angular sectors, using coarse-, medium-and fine-resolution searches of the surrounding cells up to a distance of 200 km; (3) wind energy (average wind speed and proportional occurrence) in each sector is calculated for nearby coastal sites. We calculated the average fetch in each sector (F ) and the sum of products of fetch and wind energy (W ). A total of 57 species were surveyed at 185 sites in west Scotland for determination of trends with wave indices. Average wave fetch with a 200 m scale grid explained > 50% of the variation in the first principal component of the species-sites abundance matrix, with shore extent explaining another 10%. Incorporating wind data in the indices had a negligible effect on predictive power. Species diversity explained 61% of the variance in the second principal component and declined from low to high pelagic primary productivity. Separating direct physical effects from biological effects, such as food supply or grazing could potentially help us better understand the processes structuring biological communities on rocky shores.
only coastal charts and readily available meteorological data are needed, but it is potentially timeconsuming to derive predictions for more than a few sites. Perhaps the best measures of wave climate are those made directly on the shore using wave force dynamometers, which either record continuously (e.g. Denny 1982) or produce a measure of maximum force integrated over a period of deployment (Jones & Demetropoulos 1968 , Palumbi 1984 , Helmuth & Denny 2003 . These measures are better in that they directly quantify the forces experienced by animals and plants on the shore. They do, however, rely on the deployment and retrieval of instruments and thus more than one visit to each site. Small-scale spatial variability in the forces of waves (Denny et al. 2004) may mean that single instruments may be unrepresentative of the whole shore wave climate and considerable periods of measurement may be necessary to capture rare, yet important, extreme events.
Despite the availability of these methods, where studies use more than one site on rocky coastlines, these sites are most often simply assigned to categories (sheltered, moderately exposed, very exposed, e.g. Burrows et al. 1992 ) based on subjective interpretation of the local geography and appearance of shore communities: effectively an informal application of biological indices. While rankings or groupings of sites in this way are unlikely to be wrong by more than one category, and can reveal effects of wave exposure on key processes, the effects reported are not easily comparable with other work since the categories are usually not defined in quantifiable terms. Clear, reproducible and objective measures of wave exposure would allow precise and portable definitions. The categorisation process may well lead to different conclusions than when wave exposure is considered as a continuous variable (Lindegarth & Gamfeldt 2005) . In view of the relative merits of each type of wave exposure measure, topographical indices may be the most practical and cost-effective option for field ecologists.
Topographical wave exposure indices have been used to determine the effects of wave exposure on distributions of species, such as mussels Mytilus edulis (Westerbom & Jattu 2006) , along horizontal wave action gradients, and have proved particularly effective at predicting effects on vertical limits (Thomas 1986 ). Within certain species, the link between wave exposure and morphology has been so strong as to have been exploited in the past to give a biological index of wave exposure. Dogwhelks Nucella lapillus, for example, show a progressive change from squat shells with small spires at wave-exposed sites to shells with elongated spires and narrower apertures in shelter, and the ratio of aperture length to total length of the shell has been used as an index (Crothers & Cowell 1979 , Crothers 1983 ). However, these changes were related only to changes in assemblages. Using topographical indices is preferable: Fucus vesiculosus morphology was related strongly to calculated indices of wave exposure in the Baltic (Ruuskanen et al. 1999) , for example. At the community level, clear relationships of assemblage composition and species diversity with wave exposure indices have also been shown (Lindegarth & Gamfeldt 2005) .
Where wave exposure indices can be calculated at regular intervals along coastlines, they may have value in constructing statistical models suitable for predicting distributions of species and community types (Bekkby et al. 2002) . If such models are linked to climate variables, as climate envelope models (Pearson et al. 2002 , Pearson & Dawson 2003 , Araújo et al. 2005 , it may be possible to predict site-specific changes in abundance of species under different climate change scenarios -essential for designing future monitoring schemes. Similarly, it will be possible to predict changes in the spatial extent of community types, such as kelp forests, and thus changes in their contribution to the functioning of coastal ecosystems.
Finally, measurement or derivation of indices of wave exposure on geographical scales allows a macroecological approach (Gaston & Blackburn 1999) to understanding the processes structuring rocky shore communities. If empirical relationships can be established between species distributions or community indices and measures of wave exposure (using statistical techniques), then it may be possible to detect the effects of interactions by comparing those states to expectations from purely physical models. Low or high abundances of grazers or predators may be associated with increased or reduced levels of plant biomass or prey numbers relative to values expected from wave exposure, depending on whether these systems are structured from the top-down or from the bottom up (Richardson & Schoeman 2004) .
The ready availability of geographical information systems (GIS) in recent years has prompted a number of authors to develop automated vector-based systems for deriving topographical indices of wave exposure based on digitised coastlines (Ekebom et al. 2003 , Lindegarth & Gamfeldt 2005 , Puotinen 2005 , Davies & Johnson 2006 . All these methods involve projecting radiating lines from points of interest, often corresponding to the location of sampling sites, to determine the wave fetch as the distance to the nearest coastline in angular sectors. Indices then divide into simple measures of 'openness' of coastlines, such as the Baardseth Index (Ruuskanen et al. 1999) , measures based on the distribution and magnitude of fetch, often relative to the general direction of the shore (shore normals) (Denny et al. 2004) , and indices weighted by the aver-age frequency and speed of wind in each angular sector for nearby meteorological stations (e.g. Davies & Johnson 2006) . Some authors then estimate wave height parameters (Ekebom et al. 2003 , Harborne et al. 2006 , measures that can ultimately be used to predict wave forces experienced by animals and plants on the shore (Helmuth & Denny 2003) .
Raster methods for determining wave fetch (such as 'viewshed' analysis, Bekkby et al. 2002) can offer much faster calculation of wave fetch for large numbers of locations very quickly (100 000s in a few hours), allowing mapping-style applications. We present a method of calculating wave fetch based on a hierarchical nested method of search for the nearest land in angular sectors around a point of interest, with increasingly fine spatial resolution of search at smaller spatial scales. The aim of the study was to evaluate the power of wave fetch-based indices of wave exposure at predicting differences in rocky shore community structure among sites over a large region, and to explore the utility of this predictive power in understanding processes generating ecological structure and function in these systems. By evaluating wave exposure indices for different scales of coastline grid size, we were also able to determine the optimal spatial grain scale for predicting results of shore surveys.
MATERIALS AND METHODS
Calculation of wave exposure indices. The method of calculation of wave exposure indices presented here requires a digital coastline dataset for the region of interest. We used the Global Self-consistent, Hierarchical, High-resolution Shoreline (GSHHS) dataset (NOAA; available at: www.ngdc.noaa.gov/mgg/shorelines/gshhs.html), based on the freely available World Vector Shoreline (NOAA; available at: www.csc.noaa. gov/shoreline/world_vec.html), for an area centred on the west coast of Scotland, extending as far south as the northern part of the Irish Sea, and as far north as the northern part of Orkney (Fig. 1d) . The method requires a grid-based map of land and sea covering the region and beyond, extending to a distance which corresponds to the maximum fetch considered. We set this value to 200 km as the greatest distance that a search for nearby land could be fitted within the regional domain of the model, without exceeding the grid boundary. Fortunately, this distance also approximately corresponds with the 'transition point' (TP) where the fetch is long enough to consider wave conditions fully developed (Harborne et al. 2006 , their Appendix A: TP gF /U 2 < 22 000, where g is acceleration due to gravity, F is fetch and U is wind speed in SI units) for most of the average wind speeds for the coastal stations. The TP for a 20 knot (10.8 m s -1 ) wind, for example, corresponds to a fetch of 237 km. A GIS software package (ArcGIS 9.1) was used to project the vector dataset, using the British National Grid projection, and convert the vector dataset to gridded, or raster, datasets using specified spatial grain sizes (from 100 m to 20 km).
Wave exposure indices were calculated for all the coastal cells in the grid. Land cells were identified as coastal when any of their 8 immediately adjacent cells were sea, giving sets of 163 coastal cells for the 20 km grid up to 183 346 coastal cells for the 100 m resolution grid. The basis of the method was the determination of wave fetch, defined as the distance to the closest land, in each of 16 or 32 equal angular sectors (22.5°or 11.25°). Each resolution of grid was examined with varying levels of spatial detail. By reducing the spatial intensity of the search for land at increasing distances from the location of interest (the focal cell), we were able to vastly increase the speed of the calculation and evaluate wave exposure for >10 5 cells in less than 1 d. This was done by a 3-scale search of neighbouring cells (Fig. 1a-c) . The search process began by setting the minimum distance to land in each of the sectors to the maximum wave fetch. For every cell in the search, the distance and angular direction, and thus angular sector, from the focal coastal cell were calculated. If the cell was a land cell and the distance to that cell was less than the minimum recorded for that particular sector to that point in the search, then the minimum distance for the sector was set to the new distance value.
At the largest scale, one in every 100 cells in the xand y-direction was scanned in a square region of side twice the maximum fetch value, centred on the focal cell (Fig. 1a) . Next, one in every 10 cells was scanned in a smaller square region extending to 10% of the maximum fetch either side of the focal cell (Fig. 1b) . Finally, every cell was scanned up to 10 cells away from the focal cell in an intensive local search (Fig. 1c) . For areas of coastlines on narrow headlands, some sectors may appear open to wave fetch by falling between a diagonally adjacent cell and a horizontally or vertically adjacent cell. This was corrected by making a diagonally adjacent cell the closest cell in the 3 angular sectors falling in that cell. If land was present in an adjacent cell, the fetch distance in those sectors covered by the land cell were set to zero.
Wave fetch was determined and stored for each angular sector for every cell. Two indices were calculated. The first simpler index (average wave fetch, F ), was the average wave fetch in km over all 16 sectors. The second index (wave exposure, W ), was the average of the products of wave fetch and wind energy for each sector. Wind energy was calculated as the proportion of time that the wind blew in the particular sector multiplied by the square of the average wind speed (in knots) in that sector. Hourly wind data for 1990 to 1999 for all weather stations (UK Meteorological Office; available at: badc.nerc.ac.uk/data/ukmo-midas) was used to calculate average wind speed and incidence per 22.5°sector for coastal stations (< 5 km from the coast). Each cell was paired with the nearest weather station using GIS, and wind energy per sector calculated using this local data.
Conversion of the coastline from a line to a grid produces undesirable, but necessary, effects at very local scales. For example, straight coastlines running diagonally were rendered as step-like shapes ( Table 1 ) using scales created by Crisp & Southward (1958) as modified by Hiscock (1981) . Category estimates were based on counts in quadrats or visual assessment of the percentage cover in the area of the shore where the species was expected to be most abundant. Quadrats of 0.25 m 2 were used for gastropod counts (trochids, littorinids and limpets) and to guide visual estimates of percentage cover, while areas of 4 to 100 cm 2 were used for barnacle counts. The category occurring most often was used as the final category estimate for that species at that site. The advantage of these scales is that they can encompass levels of abundance not easily assessed by direct counts from quadrats. Many quadrat counts of zero abundance might be needed to get a measure of abundance of a rare plant or animal, occurring only in isolated patches or as solitary individuals; however, the presence of species can be very important to record, especially in a biogeographical context. The process took about an hour to record all the species on the checklist, and covered the entire intertidal area over 50 to 100 m of shoreline. If the species was not seen during the shore survey despite a search, it was recorded as absent. Each survey was done within 2 h of the time of low water predicted for that date and location. The position of each shore survey was recorded at mid-shore using a handheld GPS (Garmin GPS72).
To verify the method of categorical abundance assessment at a subset of shores, we took digital photographs of four 0.25 m 2 quadrats at 5 shore levels, and made counts of 5 species of gastropods at 2 levels (50 cm above and below mid tide level) from these images after removal and weighing of the macroalgal canopy. The wet weight of the 4 main species of large macroalgae was recorded. We compared these direct measurements of abundance with categorical estimates using 1-way ANOVAs of log-transformed abundance. This calibration (Fig. 2) showed that, above category R, direct counts of gastropods and weights per unit area of macroalgae were well predicted by categorical estimates of abundance (R 2 = 0.04 to 0.39, p < 0.05 for 8 of 9 species examined).
To reduce the dimensionality of the data and to extract measures of community structure for comparison with the wave exposure indices, a principal 5 Table 1 . Abundance scales used for intertidal organisms, after Crisp & Southward (1958) modified by Hiscock (1981) Survey site locations were matched to the location of the centre of the nearest grid cell for which wave indices had been calculated. The horizontal extent of each surveyed shore was measured as the distance along a line perpendicular to the coastline from mean high water of spring tides (MHWS) to mean low water springs (MLWS) on 1:50 000 UK Ordnance Survey Landranger maps.
Evaluation of predictive power of wave exposure indices. Preliminary analysis of the PCA scores and wave exposure indices showed that the first principal component score (PCA1) was very strongly correlated with wave exposure. The ability of different wave exposure indices to predict PCA1 scores was assessed by the proportion of variance in PCA1 explained in linear least-squares regression (R 2 ). R 2 values described the magnitude of effects of different spatial grain size (100 m, 200 m, 500 m, 1 km, 2 km, 5 km, 10 km and 20 km), the utility of including wind data in calculating exposure (F vs. W ), and the effect of local spatial averaging of indices. The effect of the horizontal extent of shores was determined by regression of residual PCA1 scores, after regression on wave exposure indices, on extent values.
RESULTS
Wind roses for coastal stations around Scotland showed patterns of variation in wind flow in the region (Fig. 3) in the 1990s. Most coastal stations had the most frequent and strongest winds to the south and west, and least to the east and north (Fig. 3c ). Winds were stronger on outer coasts (Fig. 3a) and weaker further from the open ocean (Fig. 3b) . There was some modification in the average direction of wind flow by landmasses (Fig. 3c) . East-facing coasts had less strong westerlies, resulting in an overall more southerly direction of wind. Some effects of local topography may also be evident: uneven distributions of wind directions were seen at several sites (e.g. Dunstaffnage, Fig. 3b ). Sampling sites were located 0.4 to 91 km, median 29.5 km from weather stations (Fig. 3d) .
Geographical and local patterns of the average wave fetch index (F ) and average wave exposure (W ) followed general expectations. The outer coastlines of the Western and Northern Isles had the highest values of average wave fetch (40 to 60 km per sector), with open coasts of the Scottish mainland, partly sheltered by offshore islands, having lesser values (20 to 40 km). The minimum fetch that could be resolved was directly related to the scale resolution of the coastal grid. This severely reduced the incidence of wavesheltered shores detected using coarser grids (Fig. 4) .
Ordination of rocky shore species data
The PCA1 extracted from the species-sites matrix corresponded to the difference between wave-exposed and wave-sheltered communities. Species whose abundance values strongly positively correlated with PCA1 scores for each site were those considered typical of wave-exposed shores in the northeast Atlantic (Fig. 5) . These included finely branching and turf species of macroalgae Corallina officinalis, Ceramium spp., Scytosiphon lomentaria, encrusting corallines in high shore pools ('lithothamnion'), Porphyra sp., the kelp Alaria esculenta, the barnacle Chthamalus stellatus, the dogwhelk Nucella lapillus and the anemone Actinia equina. Species strongly negatively correlated with PCA1 were typically sheltered-shore species, notably the brown fucoid algae Fucus vesiculosus (and the associated littorinid snail Littorina obtusata), F. spiralis, Ascophyllum nodosum (and its epiphyte Polysiphonia lanosa), Pelvetia canaliculata, and small encrusting tubeworms Spirorbis spp.
The PCA2 correlated positively with 48 out of the 58 species considered and negatively with only 8 species, notably Littorina littorea. This axis thus represents species diversity (PCA2 vs. number of species present, R 2 = 0.61, r = 0.78; Fig. 6a ). The scores for PCA2 showed a distinctive pattern among the different sites. Scores, and thus species diversity, were highest on offshore islands, and lowest in inner firths (Fig. 6b) , but this dif- ference was not due to differences in wave fetch (R 2 = 0.02 for PCA2 vs. locally averaged F for a 200 m grid).
Comparison of predictive power of wave exposure indices
F was a very good predictor of the value of PCA1 score (Fig. 7) , explaining over 50% of the variance in PCA1 (equivalent to a correlation coefficient of 0.7). The relationship between PCA1 and log average wave fetch was approximately linear over the whole range of wave exposures (Fig. 8) , further indication of the value of the index in predicting differences in community structure.
The predictive ability of wave indices was strongly dependent on the scale of the grid representing the coastline (Fig. 7) . The proportion of variance explained in PCA1 declined from a maximum of around 0.5 at a grid cell size of 200 m to less than 0.1 for cell sizes of 10 and 20 km. Interestingly, the proportion of variance explained also dropped when cell size was reduced from 200 to 100 m. Topographical effects on wave exposure at this local scale may not be reflected in differences in community structure. While the GSHHS shoreline may not be able to resolve coastline detail at this scale, the extent of the site surveys may also extend over more than a single 100 m grid cell, and there may be a consequent poor match between survey data and exposure indices. Inclusion of wind data reduced the predictive power of the indices (Fig. 7: F Averaging values across neighbouring cells improved the predictive power of the indices at smaller scales (Fig. 7) . With grid cell sizes of 1 km and larger, averaged values of F and W were slightly worse at predicting PCA1 (1 km R 2 F averaged 0.330, F not averaged 0.343), while at the best grid size (200 m), averaging increased predictive power (R 2 F averaged 0.526, F not averaged 0.444; W averaged 0.470, W not averaged 0.415).
Some of the residual variation in PCA1 was related to the horizontal extent of the shore (Fig. 9) , the distance from MHWS to MLWS perpendicular to the coastline. PCA1 score was much reduced for extensive shores: a decrease of 1 relative to those < 50 m in extent for shores 400 m from MLWS to MHWS, an effect equivalent to an order of magnitude change in F (Fig. 8) .
DISCUSSION
Given the long-recognised effect of wave exposure on the composition of rocky shore communities (Ballantine 1961 , Lewis 1964 , the very strong predictive power of wave exposure indices in the present study was not at all surprising. What is surprising, however, in light of this predictive power, is the lack of general application of such indices as standardising or comparative measures in ecological studies on rocky shores. No physiological ecologist would neglect to report the temperature or salinity of their study, yet experimental shore ecologists are content to apply wide-ranging and ill-defined categorical descriptions for the wave exposure of their sites. Possible reasons for this failing may include: an unwillingness to obtain the charts and wind data needed to make calculations; a perception that such calculations are tedious and unnecessary given the seemingly obvious effects of wave action; and a disbelief in the value of such indices in capturing the essence of spatial variation in wave exposure and thus in predicting effects. The method presented here offers solutions to some of these perceived and real problems. At best, the wave exposure indices explained over 50% of the variance in the PCA1 of community structure. Weighting indices with directional wind data had very little effect on the percentage variance explained, suggesting that, for complex coastlines like the west of Scotland, differences in topography alone rather than aspect were sufficient to account for differences in community structure. Sheltered sites tended to have 'sheltered-shore' communities and exposed shores 'exposed-shore' communities, whatever their orientation in respect to the prevailing wind. Based on this evidence, the effort involved in extracting and processing wind records from land-based meteorological stations would appear not to be repaid in additional predictive power for topographical wave exposure indices. The topography of the shore was important when the extent of the shore exceeded 100 m, such that extensive reef flats produced a more 'sheltered-shore' community than predicted by wave fetch alone, especially at locations with extensive wave fetch such as on western coasts of the Western Isles. This explained an additional 10% of the variance in the PCA1 of community structure. Nearshore bathymetry can also play an important role in attenuating local wave power and inclusion of the extent of shallow water inshore in indices can improve their predictive ability (Thomas 1986 ) and could easily be incorporated in the present GIS-based raster calculation method. Fine-scale digital bathymetry, however, can be expensive to obtain and its absence would limit the applicability of this enhancement.
Variation in community structure in relation to wave fetch was not the only trend evident in the survey data. There was a strong gradient in species diversity independent of wave exposure, reflected in the second principal component of the community ordination (PCA2, Fig. 6a) , from low diversity communities in the Clyde Sea and southern Scottish mainland sites to high diversity in Orkney and the Western Isles. Habitat complexity, either biogenic (Thompson et al. 1996) or physical (Beck 2000) , may be responsible for variation in species diversity at a local scale. Habitat diversity (beta diversity), such as a complex of vertical and horizontal surfaces, pools, and crevices versus flat unbroken sloping strata, may be responsible for some of the differences among sites (Harborne et al. 2006) . Interactions of the local species pool with the rock type of an area may also lead to differences in diversity (Johnson et al. 2003) . Diversity may also simply reflect the availability of suitable rocky shore habitat at each of the survey sites. Boulder and cobble shores, for example, often lacked extensive exposed rock surfaces, yet frequently collected algal detritus in the interstices between the rocks. These gaps often supported very high densities of Littorina littorea, apparently feeding on this algal detritus.
In our region, increasing diversity coincides with a decreasing gradient of pelagic primary productivity evident from ocean colour satellites (European Commission, Ocean Colour Portal; available at: http://marine.jrc. cec.eu.int/). It is possible that higher pelagic productivity has produced communities that are dominated by filter feeders, which in turn reduces overall species diversity (Paine 1966) . Indeed, of the 8 species correlated negatively with PCA2 ( phagous grazers and 1 a predator: all were dependent on pelagic primary productivity. More diverse shores were generally more distant from the major towns and cities and areas of intensive agriculture in central Scotland, perhaps reflecting greater nutrient inputs in waste water and runoff from farmland. Extension of this trend to a wider geographical area would be a useful next step. Offshore wave climate plays an important role in determining the height and thus energy of waves reaching the coastline. Data from offshore wave buoys, for example, have been used to calculate inshore wave height for comparison with directly measured forces (Helmuth & Denny 2003) . On a geographical scale, variation in wave height offshore may contribute significantly to differences in wave exposure of sites of similar wave fetch in different regions. In the UK, for example, the Meteorological Office UK Wave Model (Anonymous 1998) shows that western coasts of Scotland receive much larger waves than eastern coasts: the 90th percentile offshore wave height for open western coasts of the Scottish Western Isles is around 4 m, while for the Scottish east coast the 90th percentile is only 2.5 m.
While incorporating the most important determinant of coastal wave forces (wave fetch) topographical indices calculated here provide only a surrogate for the aspects of wave climate important in determining rocky shore community structure. Significant progress may only be possible through application of physical models of inshore waves, such as the SWAN wave model (Simulating WAves Nearshore; Booij et al. 1999) , combined with direct observations of offshore wave heights from wave buoys or satellite altimeter measurements. Such developments are beyond the scope of most field ecologists and, thus, until more complex physical models are widely applied, wave fetch indices are likely to remain useful for some time.
Greater spatial resolution in the grid used to calculate the wave fetch index gave increasing predictive power up to a maximum value at a grid cell size of 200 m. Increasing the resolution further to a 100 m cell size decreased predictive power. The map scale of the original coastline (1:250 000, NOAA; see: www.ngdc. noaa.gov/mgg/shorelines/gshhs.html) suggests a minimum justifiable raster resolution of 125 m, potentially contributing to the drop in performance at the 100 m scale. In addition, the greater extent of the sampling area (100 to 200 m) than the grid cells may lead to an increased chance of spatial mismatch between the wave fetch index and the location of the sample. Finerscale models may well be able to resolve variation in wave action that might result in within-site heterogeneity in biological communities (Denny et al. 2004) .
The strong predictive capability of the wave fetch index and the ability to make ubiquitous calculations over whole regions makes it an ideal tool for classifying and mapping coastal habitats and biotopes. While this will be useful for managers of coastal areas, it may also prove useful for making biomass-weighted estimates of the functioning of coastal ecosystems, by allowing the prediction of the extent and quantity of dominant species of primary producers (Lindegarth & Gamfeldt 2005) or filter feeders (Westerbom & Jattu 2006) .
Perhaps the most useful aspect of the wave fetch index is that it allows the separation of wave exposure related variation from variation due to other factors. While some of this remaining variation may be due to the incomplete description of the wave regime at the sites (as above), the remaining variation will be due to (1) responses to other physical factors varying among sites, such as local geology including rock types and bed forms; (2) the outcome of interactions among species, driven by variation in recruitment (Sutherland & Ortega 1986 , Connolly & Roughgarden 1999 , Menge et al. 2003 , Forde & Doak 2004 ; and (3) responses to food supply from the nearshore pelagic system (Sanford & Menge 2001 , Menge et al. 2003 , Leslie et al. 2005 . The balance between fucoid macroalgae and filter feeders such as barnacles and mussels, for example, is thought to be controlled on rocky shores in the northeast Atlantic by the activity of intertidal grazers, particularly patellid limpets (Jenkins et al. 2005 , Coleman et al. 2006 ). The population density and size of Patella vulgata, the major species of limpet in the region, are correlated with wave exposure, with limpets usually smaller and more numerous at wave-exposed sites (Jenkins & Hartnoll 2001) . However, much variation in abundance and biomass of limpets, and consequent grazing pressure, may remain, and could potentially account for some of the variation in the quantity of macroalgae, as indicated by the PCA1 score in the analysis here, among shores of similar wave exposure. A macroecological approach using studies of many sites simultaneously, where physical and biological factors can be statistically separated, offers much potential for new insight into processes determining community structure in these and similar systems.
